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Abstract

In recentyears,we have seena tremendousgrowth in the volumeof text documentsavailableon the Internet,

digital libraries,news sources,andcompany-wide intranets.Thishasled to anincreasedinterestin developingmeth-

odsthat canefficiently categorizeandretrieve relevant information. Retrieval techniquesbasedon dimensionality

reduction,suchasLatentSemanticIndexing (LSI), have beenshown to improve thequality of theinformationbeing

retrieved by capturingthe latentmeaningof thewordspresentin thedocuments.Unfortunately, thehigh computa-

tional requirementsof LSI andits inability to computeaneffective dimensionalityreductionin a supervisedsetting

limits its applicability. In this paperwe presenta fastdimensionalityreductionalgorithm,calledconcept indexing

(CI) thatis equallyeffective for unsupervisedandsuperviseddimensionalityreduction.CI computesak-dimensional

representationof a collectionof documentsby first clusteringthedocumentsinto k groups,andthenusingthecen-

troid vectorsof the clustersto derive the axesof the reducedk-dimensionalspace.Experimentalresultsshow that

thedimensionalityreductioncomputedby CI achieves comparableretrieval performanceto thatobtainedusingLSI,

while requiringanorderof magnitudelesstime. Moreover, whenCI is usedto computethedimensionalityreduction

in a supervisedsetting,it greatlyimproves theperformanceof traditionalclassificationalgorithmssuchasC4.5and

kNN.

1 Intr oduction

The emergenceof the World-Wide-Web hasled to an exponentialincreasein the amountof documentsavailable

electronically. At the sametime, variousdigital libraries,news sources,andcompany-wide intranetsprovide huge

collectionsof online documents. It hasbeenforecastedthat text (with other unstructureddata)will becomethe

∗Thiswork wassupportedby NSFCCR-9972519,by Army ResearchOfficecontractDA/DAAG55-98-1-0441,by theDOEASCI program,and
by Army High PerformanceComputingResearchCentercontractnumberDAAH04-95-C-0008.Accessto computingfacilities was provided by
AHPCRC,MinnesotaSupercomputerInstitute.Relatedpapersareavailablevia WWW at URL: http://www .cs.umn.edu/˜kar ypis
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predominantdatatypestoredonline[61]. Thesedevelopmentshave led to anincreasedinterestin methodsthat allow

usersto quickly andaccuratelyretrieveandorganizethesetypesof information.

Traditionally, informationhasbeenretrieved byliterally matchingtermsin documentswith thosepresentin auser’s

query. Unfortunately, methodsthatarebasedonly on lexical matchingcanleadto poorretrieval performancedueto

two effects. First, becausemosttermshave multiple meanings,many unrelateddocumentsmay be includedin the

answersetjustbecausethey matchedsomeof thequeryterms.Second,becausethesameconceptcanbedescribedby

multiple terms,relevantdocumentsthatdo not containany of thequerytermswill not beretrieved. Theseproblems

arisefrom thefactthattheideasin adocumentaremorerelatedto theconceptsdescribedin themthanthewordsused

in their description.Thus,effective retrieval methodsshouldmatchtheconceptpresentin thequeryto theconcepts

presentin thedocuments.Thiswill allow retrieval of documentsthatarepartof thedesiredconceptevenwhenthey do

not containany of thequeryterms,andwill preventdocumentsbelongingto unrelatedconceptsfrom beingretrieved

evenif they containsomeof thequeryterms.

This concept-centricnatureof documentsis alsooneof thereasonswhy theproblemof documentcategorization

(i.e., assigninga documentinto a pre-determinedclassor topic) is particularlychallenging.Over theyearsa variety

of documentcategorizationalgorithmshave been developed [12, 22, 50, 33, 42, 3, 69, 45, 25], both from the ma-

chine learningaswell as from the InformationRetrieval (IR) community. A surprisingresultof this researchhas

beenthatnaiveBayesian,a relatively simpleclassificationalgorithm,performswell [47, 48, 46, 54, 17] for document

categorization,evenwhencomparedagainstotheralgorithmsthatarecapableof learningsubstantiallymorecomplex

models. Someof this robust performancecanbe attributedto the fact that naive Bayesianis ableto modelthe un-

derlyingconceptspresentin thevariousclassesby summarizingthecharacteristicsof eachclassusinga probabilistic

framework,andthusit canexploit theconcept-centricnatureof thedocuments.

Recently, techniquesbasedon dimensionalityreductionhave beenexploredfor capturingtheconceptspresentin

a collection. Themain ideabehindthesetechniquesis to mapeachdocument(anda queryor a testdocument)into

a lower dimensionalspacethat explicitly takesinto accountthe dependenciesbetweenthe terms. The associations

presentin the lower dimensionalrepresentationcan thenbe usedto improve the retrieval or categorizationperfor-

mance.Thevariousdimensionalityreductiontechniquescanbeclassifiedaseithersupervisedor unsupervised. Su-

perviseddimensionalityreductionrefersto thesetof techniquesthattakeadvantageof class-membershipinformation

while computingthelowerdimensionalspace.Thesetechniquesareprimarilyusedfor documentclassificationandfor

improving the retrieval performanceof pre-categorizeddocumentcollections.Examplesof suchtechniquesinclude

a varietyof featureselectionschemes[2, 37, 40, 38, 70, 28, 66, 56, 51] that reducethedimensionalityby selecting

a subsetof the original features,andtechniquesthat createnew featuresby clusteringthe terms[3]. On the other

hand,unsuperviseddimensionalityreductionrefersto thesetof techniquesthatcomputea lower dimensionalspace

without usingany class-membershipinformation. Thesetechniquesareprimarily usedfor improving the retrieval

performance,andto a lesserextentfor documentcategorization.Examplesof suchtechniquesincludePrincipalCom-

ponentAnalysis(PCA)[30], LatentSemanticIndexing (LSI) [15, 5, 19], KohonenSelf-OrganizingMap(SOFM)[39]

andMulti-DimensionalScaling(MDS) [31]. In thecontext of documentdatasets,LSI is probablythemostwidely

usedof thesetechniques,andexperimentshave shown that it significantlyimproves theretrieval performance[5, 19]

for awidevarietyof documentcollections.

In this paperwe presenta new fast dimensionalityreductionalgorithm,called concept indexing (CI) that can

be usedboth for supervisedandunsuperviseddimensionalityreduction. The key idea behindthis dimensionality

reductionschemeis to expresseachdocumentasa functionof thevariousconceptspresentin thecollection.This is

achieved by first finding groupsof similar documents,eachgrouppotentiallyrepresentinga differentconceptin the
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collection,andthenusingthesegroupsto derive theaxes ofthereduceddimensionalspace.In thecaseof supervised

dimensionalityreduction,CI finds thesegroupsfrom the pre-existing classesof documents,whereasin the caseof

unsuperviseddimensionalityreduction,CI findsthesegroupsbyusingadocumentclusteringalgorithm.Theseclusters

arefoundusinga nearlineartime clusteringalgorithmwhichcontributesto CI’s low computationalrequirement.

We experimentallyevaluatethe quality of the lower dimensionalspacecomputedby CI on a wide rangeof data

setsboth in an unsupervisedanda supervisedsetting. Our experimentsshow that for unsuperviseddimensionality

reduction,CI achievescomparableretrieval performanceto thatobtainedbyLSI, while requiringanorderof magnitude

lesstime. In thecaseof superviseddimensionalityreduction,ourexperimentsshow thatthelowerdimensionalspaces

computedby CI significantlyimprove theperformanceof traditionalclassificationalgorithmssuchasC4.5[60] and

k-nearest-neighbor[18, 14, 64]. In fact, the averageclassificationaccuracy over 21 datasetsobtainedby the k-

nearest-neighboralgorithmon the reduceddimensionalspaceis 5% higherthanthat achieved by a state-of-the-art

implementationof the naiveBayesianalgorithm[55].

Thereminderof this paperis organizedasfollows. Section2 providesa summaryof theearlierwork on dimen-

sionalityreduction.Section3 describesthevector-spacedocumentmodelusedin our algorithm.Section4 describes

theproposedconceptindexing dimensionalityreductionalgorithm.Section5 describestheclusteringalgorithmused

by conceptindexing. Section6 providestheexperimentalevaluationof thealgorithm.Finally, Section7 offerssome

concludingremarksanddirectionsfor futureresearch.

2 Previous Work

In this section,we briefly review someof the techniquesthathave been developedfor unsupervisedandsupervised

dimensionalityreduction,whichhavebeenappliedto documentdatasets.

Unsuper vised Dimensionality Reduction Thereareseveral techniquesfor reducingthe dimensionalityof

high-dimensionaldatain anunsupervisedsetting.Most of thesetechniquesreducethedimensionalityby combining

multiple variablesor attributesutilizing the dependenciesamongthe variables.Consequently, thesetechniquescan

capturesynonyms in the documentdatasets. Unfortunately, the majority of thesetechniquestend to have large

computationalandmemoryrequirements.

A widely usedtechniquefor dimensionalityreductionis thePrincipalComponentAnalysis(PCA) [30]. Given an

n × m document-termmatrix, PCA usesthe k-leadingeigenvectorsof the m × m covariancematrix asthe axes of

thelowerk-dimensionalspace.Theseleadingeigenvectorscorrespondto linearcombinationsof theoriginalvariables

that accountfor the largestamountof term variability [30]. Onedisadvantageof PCA is that it hashigh memory

andcomputationalrequirements.It requiresO(m2) memoryfor thedensecovariancematrix,and�(km2) for finding

thek leadingeigenvectors[30]. Theserequirementsareunacceptablyhigh for documentdatasets,asthenumberof

terms(m) is tensof thousands.LatentSemanticIndexing(LSI) [5] isadimensionalityreductiontechniqueextensively

usedin theinformationretrieval domainandis similar in natureto PCA.LSI, insteadof findingthetruncatedsingular

valuedecompositionof thecovariancematrix,findsthetruncatedsingularvaluedecompositionof theoriginaln × m

document-termmatrix, andusesthesesingulareigenvectorsasthe axes ofthe lower dimensionalspace.SinceLSI

doesnot requirecalculationof the covariancematrix, it hassmallermemoryandCPU requirementswhenn is less

thanm [30]. Experimentshave shown thatLSI substantiallyimproves theretrieval performanceon a wide rangeof

datasets[19]. However, the reasonfor LSI’s robust performanceis not well understood,andis currentlyan active

areaof research[43, 57, 16, 27]. OthertechniquesincludeKohonenSelf-OrganizingFeatureMap (SOFM)[39] and
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Principal Direction

(a) Data set 2(a) Data set 1

Figure 1: Problem of PCA or LSI in classification data sets.

MultidimensionalScaling(MDS) [31]. SOFMis a schemebasedon neuralnetworksthatprojectshigh dimensional

input data into a featuremap of a smallerdimensionsuchthat the proximity relationshipsamonginput dataare

preserved. MDS transformsthe original datainto a smallerdimensionalspacewhile trying to preserve the rank

orderingof thedistancesamongdatapoints.

Super vised Dimensionality Reduction In principle,all of thetechniquesdevelopedfor unsuperviseddimen-

sionality reductioncanpotentiallybeusedto reducethedimensionalityin a supervisedsettingaswell. However, in

doingsothey cannottake advantageof theclassor category informationavailablein thedataset. Thelimitationsof

theseapproachesin a supervisedsettingareillustratedin theclassicalexampleshown in Figure1. In thesedatasets,

theprinciple directioncomputedby LSI or PCAwill bethesame,asit is thedirectionthathasthemostvariance.The

projectionof thefirst datasetonto this principal directionwill leadto theworstpossibleclassification,whereasthe

projectionof theseconddatasetwill leadto a perfectclassification.Anotherlimitation of thesetechniquesin super-

viseddatais thatcharacteristicvariablesthatdescribesmallerclassestendto belost asa resultof thedimensionality

reduction.Hence,theclassificationaccuracy onthesmallerclassescanbebadin thereduceddimensionalspace.

In general,superviseddimensionalityreductionhasbeenperformedby usingvariousfeatureselectiontechniques

[2, 37, 40, 38, 70, 28, 66, 56, 51]. Thesetechniquescanbe broadlyclassifiedinto two groups,commonlyreferred

to as the filter- [38] andwrapper-based[38, 64] approaches.In the filter-basedapproaches,the differentfeatures

are ranked usinga variety of criteria, andthenonly the highest-ranked featuresarekept. A variety of techniques

havebeen developedfor rankingthefeatures(i.e., wordsin thecollection)includingdocumentfrequency (numberof

documentsin whichawordoccurs),mutualinformation[9, 70, 32, 54], andχ 2 statistics[70]. Themaindisadvantage

of the filter-basedapproachesis that the featuresareselectedindependentof the actualclassificationalgorithmthat

will beused[38]. Consequently, even thoughthecriteriausedfor rankingmeasuretheeffectivenessof eachfeature

in theclassificationtask,thesecriteriamay not beoptimal for the classificationalgorithmused.Anotherlimitation

of this approachis that thesecriteriameasuretheeffectivenessof a featureindependentof otherfeatures,andhence

featuresthat areeffective in classificationin conjunctionwith otherfeatureswill not be selected.In contrastto the

filter-basedapproaches,wrapper-basedschemesfind a subsetof featuresusinga classificationalgorithmasa black

box [38, 51, 36, 41]. In this approachthe featuresareselectedbasedon how well they improve the classification

accuracy of thealgorithmused.Thewrapper-basedapproacheshave beenshown to bemoreeffective thanthefilter-

basedapproachesin many applications[38, 64, 44]. However, themajordrawbackof theseapproachesis that their

computationalrequirementsarevery high [36, 41, 36, 41]. This is particularlytrue for documentdatasetsin which
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thefeaturesnumberin thethousands.

Baker and McCallum recentlyproposeda dimensionalityreductiontechniquebasedon Distributional Cluster-

ing [58] of words[3]. This techniqueclusterswordsinto groupsbasedon thedistribution of classlabelsassociated

with eachword. Wordsthathavesimilarclassdistribution,given aparticularword,aregroupedinto acluster. Condi-

tional probabilityof classes,given setof words,arecomputedby theweightedaverageof theconditionalprobability

of classesof individualprobabilityof words.By clusteringwordsthathave similar classdistributions,this technique

canpotentiallyidentify wordsthathavesynonyms.However, sinceawordcanonly belongto onecluster, polysemous

wordswill notbeidentified.

3 Vector -Space Modeling of Documents

In the CI dimensionalityreductionalgorithm,the documentsarerepresentedusingthe vector-spacemodel[62]. In

this model,eachdocumentd is consideredto bea vectorin the term-space.In its simplestform, eachdocumentis

representedby the term-frequency(TF) vector �dtf = (tf1, tf2, . . . , tfn), wheretfi is thefrequency of the i th termin the

document.A widely usedrefinementto this modelis to weighteachtermbasedon its inversedocumentfrequency

(IDF) in thedocumentcollection. Themotivationbehindthis weightingis that termsappearingfrequentlyin many

documentshave limited discriminationpower, andfor this reasonthey needto bede-emphasized.This is commonly

done[35, 62] by multiplying thefrequency of eachterm i by log(N/df i ), whereN is thetotal numberof documents

in thecollection,anddfi is thenumberof documentsthatcontainthe i th term(i.e., documentfrequency). This leads

to the tf-idf representationof thedocument,i.e., �dtfidf = (tf1 log(N/df1), tf2 log(N/df2), . . . , tfn log(N/dfn)). Finally,

in orderto accountfor documentsof differentlengths,the lengthof eachdocumentvectoris normalizedso that it

is of unit length,i.e., ‖ �dtfidf‖2 = 1. In the restof thepaper, we will assumethat thevectorrepresentation�d of each

documentd hasbeenweightedusingtf-idf andit hasbeennormalizedsothatit is of unit length.

In thevector-spacemodel,thesimilarity betweentwo documentsd i andd j is commonlymeasuredusingthecosine

function[62], given by

cos( �di , �d j ) =
�di · �d j

‖ �di ‖2 ∗ ‖ �d j ‖2
, (1)

where“ ·” denotesthedot-productof thetwo vectors.Sincethedocumentvectorsareof unit length,theaboveformula

is simplifiedto cos( �di , �d j ) = �di · �d j .

Given a setSof documentsandtheir correspondingvectorrepresentations,wedefinethecentroid vector �C to be

�C =
1

|S|

∑

d∈S

�d, (2)

which is thevectorobtainedby averagingtheweightsof thevarioustermsin thedocumentsetS. We will referto S

asthesupporting set for thecentroid �C. Analogouslyto individual documents,thesimilarity betweena documentd

andacentroidvector �C is computedusingthecosinemeasure,asfollows:

cos( �d, �C) =
�d · �C

‖ �d‖2 ∗ ‖ �C‖2
=

�d · �C

‖ �C‖2
. (3)

Note that even thoughthe documentvectorsareof lengthone, the centroidvectorswill not necessarilybe of unit

length.

Intuitively, thisdocument-to-centroidsimilarity functiontriesto measurethesimilarity betweenadocumentandthe
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documentsbelongingto thesupportingsetof thecentroid.A carefulanalysisof Equation3 revealsthatthissimilarity

capturesa numberof interestingcharacteristics.In particular, thesimilarity between �d and �C is theratio of thedot-

productbetween�d and �C, dividedby the lengthof �C. If S is thesupportingsetfor �C, thenit canbeeasilyshown

[11, 24] that
�d · �C =

1

|S|

∑

x∈S

cos( �d, �x),

andthat

‖ �C‖2 =

√

√

√

√

1

|S|2

∑

di ∈S

∑

d j ∈S

cos( �di , �d j ). (4)

Thus,thedot-productis theaveragesimilarity betweend andall otherdocumentsin S, andthelengthof thecentroid

vectoris thesquare-rootof theaveragepairwisesimilarity betweenthedocumentsin S, includingself-similarity. Note

that becauseall the documentshave beenscaledto be of unit length,‖ �C‖2 ≤ 1. Hence,Equation3 measuresthe

similarity betweena documentandthecentroidof a setS, as theaveragesimilarity betweenthedocumentandall the

documentsin S, amplifiedby a functionthatdependson theaveragepairwisesimilarity betweenthedocumentsin S.

If theaveragepairwisesimilarity is small,thentheamplificationis high,whereasif theaveragepairwisesimilarity is

high, thentheamplificationis small. Oneof theimportantfeaturesof this amplificationparameteris that it captures

thedegreeof dependency betweenthetermsin S [24]. In general,if Scontainsdocumentswhosetermsarepositively

dependent(e.g., termsfrequentlyco-occurringtogether),then the averagesimilarity betweenthe documentsin S

will tendto be high, leadingto a small amplification. On the otherhand,asthe positive term dependency between

documentsin S decreases,theaveragesimilarity betweendocumentsin S tendsto alsodecrease,leadingto a larger

amplification. Thus,Equation3 computesthe similarity betweena documentanda centroid,by both taking into

accountthesimilarity betweenthedocumentandthesupportingset,aswell asthedependenciesbetweenthetermsin

thesupportingset.

4 Concept Indexing

The conceptindexing algorithmcomputesa lower dimensionalspaceby finding groupsof similar documentsand

usingthemto derive theaxes ofthelower dimensionalspace.In therestof this sectionwe describethedetailsof the

CI dimensionalityreductionalgorithmfor bothanunsupervisedanda supervisingsetting,andanalyzethenatureof

its lowerdimensionalrepresentation.

4.1 Unsuper vised Dimensionality Reduction

CI computesthe reduceddimensionalspacein the unsupervisedsettingas follows. If k is the numberof desired

dimensions,CI first computesa k-way clusteringof thedocuments(usingthealgorithmdescribedin Section5), and

then usesthecentroidvectorsof theclustersastheaxes ofthe reducedk-dimensionalspace.In particular, let D be

ann × m document-termmatrix, (wheren is thenumberof documents,andm is thenumberof distinct termsin the

collection)suchthat the i th row of D storesthevector-spacerepresentationof the i th document(i.e., D[i , ∗] = �di ).

CI usesa clusteringalgorithmto partitionthedocumentsinto k disjoint sets,S1, S2, . . . , Sk. Then,for eachsetSi , it

computesthecorrespondingcentroidvector �Ci (asdefinedby Equation2). Thesecentroidvectorsarethenscaledso

that they have unit length. Let { �C′
1, �C′

2, . . . , �C′
k} betheseunit lengthcentroidvectors.Eachof thesevectorsform

oneof theaxisof thereducedk-dimensionalspace,andthek-dimensionalrepresentationof eachdocumentis obtained

by projectingit ontothisspace.Thisprojectioncanbewrittenin matrixnotationasfollows.Let C bethem×k matrix
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suchthatthei th columnof C correspondsto �C′
i . Then,thek-dimensionalrepresentationof eachdocument�d is given

by �dC, andthek-dimensionalrepresentationof theentirecollectionis given by thematrix D k = DC. Similarly, the

k-dimensionalrepresentationof aquery�q for aretrieval isgivenby �qC. Finally, thesimilarity betweentwo documents

in thereduceddimensionalspaceis computedby calculatingthecosinebetweenthereduceddimensionalvectors.

4.2 Super vised Dimensionality Reduction

In the caseof superviseddimensionalityreduction,CI usesthe pre-existing clustersof documents(i.e., the classes

or topicsin which thedocumentsbelongto) in finding the groupsof similar documents.In the simplestcase,each

oneof thesegroupscorrespondsto oneof theclassesin thedataset. In this case,therankof the lower dimensional

spacewill be identical to the numberof classes.A lower dimensionalspacewith a rank k that is greaterthanthe

numberof classes,l , is computedas follows. CI initially computesan l -way clusteringby creatinga clusterfor

eachoneof the documentclasses,andthen usesa clusteringalgorithmto obtaina k-way clusteringby repeatedly

partitioningsomeof theseclusters.Notethatin thefinal k-wayclustering,eachoneof thesefinerclusterswill contain

documentsfrom only oneclass.Thereverseof this approachcanbeusedto computea lower dimensionalspacethat

hasa rank that is smallerthanthe numberof distinct classes,by repeatedlycombiningsomeof the initial clusters

usinganagglomerativeclusteringalgorithm.However, this lowerdimensionalspacetendto leadto poorclassification

performanceas it combinestogetherpotentiallydifferentconcepts,andis not recommended.Note that oncethese

clustershavebeenidentified,thenthealgorithmproceedsto computethelowerdimensionalspacein thesamefashion

asin theunsupervisedsetting(Section4.1).

As discussedin Section1, superviseddimensionalityreductionis particularlyusefulto improve theretrieval per-

formancein apre-categorizeddocumentcollection,or to improvetheaccuracy of documentclassificationalgorithms.

Experimentspresentedin Section6.3show thattheperformanceof traditionalclassificationalgorithms,suchasC4.5

[60] andk-nearest-neighborimprovesdramaticallyin thereducedspacefoundby CI.

4.3 Anal ysis & Discussion

In orderto understandthis dimensionalityreductionscheme,it is necessaryto understandtwo things.First, we need

to understandwhatis encapsulatedwithin thecentroidvectors,andsecond,weneedto understandthemeaningof the

reduceddimensionalrepresentationof eachdocument.For therestof this discussionwe will assumethatwe have a

clusteringalgorithmthat returnsk reasonablygoodclusters[11, 45, 7], given a setof documents.By thatwe mean

thateachoneof theclusterstendsto containsimilardocuments,anddocumentsbelongingto differentclustersareless

similar thanthosebelongingto thesamecluster.

Given a setof documents,the centroidvectorprovidesa mechanismto summarizetheir content. In particular,

theprominentdimensionsof thevector(i.e., termswith thehighestweights),correspondto the termsthataremost

importantwithin theset.Two examplesof suchcentroidvectorsfor two differentcollectionsof documentsareshown

in Table1 (thesecollectionsaredescribedin Section6.1). For eachcollectionwe computeda 20-wayclustering,and

for eachof theclusterswecomputedtheirunit-lengthscaledcentroidvectors.For eachof thesevectors,Table1 shows

the tenhighestweightterms.Thenumberthatprecedeseachtermin this tableis theweightof thattermin thecentroid

vector. Also notethatthetermsshown in this tablearenot theactualwords,but their stems.

A numberof observationscanbemadeby looking at the termspresentin thevariouscentroids.First, looking at

the weight of the variousterms,we canseethat for eachcentroid,therearerelatively few termsthat accountfor a

largefractionof its length.To furtherillustratethis, we computedthefractionof thecentroidlengthfor which these
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1 0.65 corn 0.20 acre 0.19 bushel 0.18 soybean 0.17 usda 0.17 unknown 0.16 ussr 0.16 tonne 0.13 report 0.12 export 67%
2 0.46 ga 0.24 oil 0.22 cubic 0.21 reserv 0.20 barrel 0.20 feet 0.19 natur 0.15 drill 0.15 mln 0.14 lt 54%
3 0.65 coffee 0.28 quota 0.27 ico 0.17 bag 0.16 export 0.16 brazil 0.14 colombia 0.14 meet 0.13 produc 0.12 ibc 72%
4 0.45 tonne 0.35 palm 0.20 import 0.18 oil 0.15 januari 0.14 rapese 0.14 beef 0.14 februari 0.13 mln 0.13 export 51%
5 0.35 copper 0.30 steel 0.20 ct 0.19 aluminium 0.16 cent 0.15 smelter 0.14 pound 0.14 lb 0.14 price 0.14 alcan 42%
6 0.32 crop 0.24 grain 0.20 wheate 0.19 cotton 0.19 mln 0.19 weather 0.16 china 0.16 rain 0.15 plant 0.15 tonne 40%
7 0.45 bble 0.39 crude 0.31 post 0.26 ct 0.22 dlr 0.21 wti 0.20 raise 0.16 distill 0.16 price 0.15 gasolin 72%
8 0.45 dollar 0.28 bank 0.24 portland 0.23 yen 0.17 load 0.16 juice 0.16 ship 0.14 japan 0.13 orang 0.12 dealer 52%
9 0.73 sugar 0.22 tonne 0.22 white 0.15 trader 0.14 intervent 0.14 ec 0.13 tender 0.12 ecu 0.12 rebat 0.11 cargoe 75%

10 0.59 gold 0.35 ounce 0.33 ton 0.30 mine 0.14 ore 0.12 feet 0.12 silver 0.10 assai 0.09 reserv 0.09 coin 74%
11 0.49 ec 0.34 maize 0.24 tax 0.20 tonne 0.17 european 0.17 licenc 0.17 ecu 0.16 commiss 0.16 barlei 0.14 commun 61%
12 0.30 wheate 0.27 soviet 0.22 farm 0.22 lyng 0.21 bill 0.19 offer 0.18 grain 0.15 agricultur 0.14 eep 0.13 loan 43%
13 0.39 cocoa 0.35 buffer 0.26 deleg 0.24 rubber 0.22 stock 0.22 icco 0.17 pact 0.17 consum 0.14 rule 0.13 council 59%
14 0.32 ship 0.24 gulf 0.22 tanker 0.22 iran 0.21 missil 0.18 vessel 0.15 attack 0.14 iranian 0.13 sea 0.13 line 41%
15 0.43 oil 0.29 tax 0.18 herrington 0.17 explor 0.16 energi 0.15 import 0.12 reagan 0.12 studi 0.12 industri 0.11 petroleum 43%
16 0.28 credit 0.28 wheate 0.25 ccc 0.24 depart 0.22 nil 0.19 sale 0.18 commod 0.18 guarante 0.18 bonu 0.17 mln 49%
17 0.43 ecuador 0.27 bpd 0.27 refineri 0.25 crude 0.25 oil 0.21 pipelin 0.20 venezuela 0.13 mln 0.12 barrel 0.12 energi 59%
18 0.43 wheate 0.42 tonne 0.24 tender 0.24 barlei 0.22 taiwan 0.18 shipment 0.15 soft 0.14 export 0.14 home 0.13 deliveri 64%
19 0.48 strike 0.28 seamen 0.28 union 0.25 port 0.22 worker 0.14 employ 0.13 ship 0.12 pai 0.11 spokesman 0.11 talk 57%
20 0.49 opec 0.31 saudi 0.27 oil 0.25 bpd 0.24 barrel 0.18 mln 0.17 price 0.15 arabia 0.14 crude 0.12 al 65%

1 0.25 russian 0.19 russia 0.18 rwanda 0.17 moscow 0.14 soviet 0.14 rebel 0.13 nato 0.13 un 0.13 tass 0.12 militari 26%
2 0.41 vw 0.30 lopez 0.24 iraq 0.23 gm 0.20 matrix 0.19 opel 0.18 inquiri 0.18 churchill 0.16 volkswagen 0.16 scot 56%
3 0.15 econom 0.15 export 0.14 percent 0.12 enterpris 0.12 russian 0.11 reform 0.11 product 0.11 economi 0.10 social 0.10 russia 15%
4 0.26 tunnel 0.19 rail 0.16 argentina 0.15 school 0.14 curriculum 0.14 eurotunnel 0.14 british 0.14 pound 0.14 channel 0.14 labour 27%
5 0.39 hyph 0.29 food 0.22 blank 0.19 label 0.16 fda 0.14 fsi 0.14 speci 0.14 poultri 0.14 cfr 0.12 stag 44%
6 0.71 drug 0.21 patient 0.16 azt 0.14 aid 0.14 fda 0.12 addict 0.10 epo 0.09 treatment 0.08 amgen 0.08 hiv 66%
7 0.46 korea 0.33 north 0.32 nuclear 0.31 iaea 0.28 korean 0.21 dprk 0.18 inspect 0.16 pyongyang 0.15 seoul 0.10 sanction 73%
8 0.52 tax 0.28 bank 0.24 cent 0.23 pound 0.17 incom 0.16 vate 0.15 rate 0.12 taxe 0.11 financ 0.11 imf 57%
9 0.28 japan 0.25 vietnam 0.24 china 0.23 trade 0.22 rice 0.19 japanes 0.17 gat 0.15 tokyo 0.12 vietnames 0.11 import 41%

10 0.59 women 0.47 violenc 0.19 domest 0.15 crime 0.13 speaker 0.12 victim 0.12 abus 0.10 batter 0.10 bill 0.10 sexual 70%
11 0.26 helmslei 0.24 hunter 0.20 tax 0.18 fraud 0.17 evasion 0.16 dominelli 0.15 rose 0.15 sentenc 0.13 guilti 0.13 juri 33%
12 0.38 al 0.24 palestinian 0.23 arab 0.22 israe 0.18 israel 0.17 islam 0.16 lebanon 0.14 kill 0.13 terrorist 0.11 afp 44%
13 0.35 cent 0.24 compani 0.21 dollar 0.18 pound 0.16 pharmaceut 0.16 price 0.14 pulp 0.13 paper 0.12 sale 0.12 market 37%
14 0.43 kong 0.43 hong 0.22 chines 0.21 china 0.20 beij 0.18 journalist 0.16 taiwan 0.15 yang 0.14 mainland 0.13 qiandao 62%
15 0.47 grain 0.34 agricultur 0.23 price 0.19 rural 0.18 product 0.17 percent 0.15 yuan 0.15 farm 0.14 farmer 0.14 peasant 57%
16 0.62 nuclear 0.30 pakistan 0.23 india 0.18 weapon 0.17 ukrain 0.15 plutonium 0.12 treati 0.12 prolifer 0.12 reactor 0.12 japan 67%
17 0.38 nafta 0.33 mexico 0.17 mexican 0.17 speaker 0.16 american 0.16 trade 0.16 gentleman 0.16 job 0.13 rep 0.12 house 44%
18 0.24 polic 0.17 kill 0.16 anc 0.15 murder 0.14 africa 0.11 offic 0.10 death 0.10 journalist 0.10 african 0.10 johannesburg 21%
19 0.47 drug 0.34 traffick 0.25 cocain 0.20 cartel 0.20 colombia 0.17 colombian 0.17 polic 0.13 arrest 0.12 spanish 0.12 narcot 58%
20 0.24 water 0.24 forest 0.22 environment 0.21 river 0.21 project 0.16 pollution 0.16 amazon 0.14 power 0.13 gorge 0.13 energi 36%

re1

new3

Table 1: The ten highest weight terms in the centroids of the clusters of two data sets.

termsare responsible.This is shown in the last columnof eachtable. For example,the highestten termsfor the

first centroidof re1 accountfor 67%of its length,for thesecondcentroidaccountfor 54%of its length,andso for.

Thus,eachcentroidcanbedescribedby a relative small numberof keyword terms. This is a direct consequenceof

the fact that the supportingsetsfor eachcentroidcorrespondto clustersof similar documents,andnot just random

subsetsof documents.Second,thesetermsarequiteeffective in providing a summaryof thetopicsdiscussedwithin

thedocuments,andtheirweightsprovideanindicationof how centralthey arein thesetopics.For example,lookingat

thecentroidsfor re1, weseethatthefirst clustercontainsdocumentsthat talkabouttheexportof agriculturalproducts

to USSR,thesecondclustercontainsenergy relateddocuments,thethird clustercontainsdocumentsrelatedto coffee

production,andsoon. This featureof centroidvectorshasbeenusedsuccessfullyin thepastto build very accurate

summaries[11, 45], andto improve the performanceof clusteringalgorithms[1]. Third, the prevalenttermsof the

variouscentroidsoftencontaintermsthatactassynonymswithin thecontext of thetopicthey describe.Thiscaneasily

beseenin someof theclustersfor new3. For example,the termsrussianandrussiaarepresentin thefirst centroid,

the termsvw andvolkswagen arepresentin the secondcentroid,andthe termsdrug andnarcot arepresentin the

nineteenthcentroid.Notethatthesetermsmaynot necessarilybepresentin a singledocument;however, suchterms

will easilyappearin the centroidvectorsif they areusedinterchangeablyto describethe underlyingtopic. Fourth,

lookingat thevarioustermsof thecentroidvectors,wecanseethatthesametermoftenappearsin multiplecentroids.

Thiscaneasilyhappenwhenthesupportingsetsof thetwo centroidsarepartof thesametopic,but it canalsohappen

becausemany termshavemultiplemeanings(polysemy). For example,thishappensin thecaseof thetermdrug in the

sixth andnineteenthclusterof new3. Themeaningof drug in thesixth clusteris thatof prescriptiondrugs,whereas

themeaningof drug in thenineteenthclusteris thatof narcotics.Thispolysemyof termscanalsobeseenfor theterm
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fda, that is theabbreviation of the Food& Drug Administration1 thatoccursin the fifth andsixth clustersof new3.

Themeaningof fda in the fifth clustercorrespondsto the food-regulatory functionof FDA (this canbe inferredby

lookingat theothertermsin thecentroidsuchasfood, label, poultri), whereasthemeaningof fda in thesixth cluster

correspondsto thedrug-regulatory functionof FDA (this canbeinferredby looking at theothertermssuchasdrug,

patient,azt, etc.). To summarize,thecentroidvectorsprovide a very effective mechanismto representtheconcepts

presentin thesupportingsetof documents,andthesevectorscaptureactualaswell aslatentassociationsbetweenthe

termsthatdescribetheconcept.

Given a setof k centroidvectorsanda documentd, the i th coordinateof thereduceddimensionalrepresentation

of this documentis thesimilarity betweendocumentd andthei th centroidvectorasmeasuredby thecosinefunction

(Equation3). Note that this is consistentwith the earlierdefinition (Section4.1), in which the i th coordinatewas

definedasthedot-productbetween�d, andtheunit-lengthnormalizedcentroidvector �C′
i . Thus,thedifferentdimen-

sionsof thedocumentin the reducedspacecorrespondto thedegreeat which eachdocumentmatchestheconcepts

that areencapsulatedwithin the centroidvectors.This interpretationof the low dimensionalrepresentationof each

documentis thereasonthatwe call ourdimensionalityreductionschemeconcept indexing. Notethatdocumentsthat

areclosein theoriginalspacewill alsotendbeclosein thereducedspace,asthey will matchthedifferentconceptsto

thesamedegree.Moreover, becausethecentroidscapturelatentassociationsbetweenthetermsdescribinga concept,

documentsthataresimilarbut areusingsomewhatdifferenttermswill beclosein thereducedspaceeventhoughthey

maynotbeclosein theoriginalspace,thusimproving theretrieval of relevantinformation.Similarly, documentsthat

areclosein theoriginalspacedueto polysemouswords,will befurtherapartin thereduceddimensionalspace;thus,

eliminatingincorrectretrievals. In fact, asour experimentsin Section6.2 show, CI is ableto improve the retrieval

performance,comparedto thatachieved in theoriginalspace.

5 Finding the Cluster s

Over theyearsa varietyof documentclusteringalgorithmshave been developedwith varyingtime-qualitytrade-offs

[11, 45]. Recently, partitionalbaseddocumentclusteringalgorithmshave gainedwide-spreadacceptanceas they

provide reasonablygoodclustersandhave anear-linear time complexity [11, 45, 1]. For this reason,the clustering

algorithmweusedin CI is derived from this generalclassof partitionalalgorithms.

Partitionalclusteringalgorithmscomputea k-way clusteringof a setof documentseitherdirectly or via recursive

bisection.A directk-wayclusteringis computedasfollows. Initially, asetof k documentsis selectedfrom thecollec-

tion toactastheseedsof thek clusters.Then,for eachdocument,its similarity to thesek seedsis computed,andit is

assignedto theclustercorrespondingto its mostsimilar seed.This formstheinitial k-way clustering.This clustering

is thenrepeatedlyrefinedusingthe following procedure.First, thecentroidvectorfor eachclusteris computed,and

theneachdocumentis assignedto the clustercorrespondingto its mostsimilar centroid. This refinementprocess

terminateseitheraftera predeterminedsmallnumberof iterations,or afteraniterationin which no documentmoved

betweenclusters.A k-waypartitioningvia recursivebisectionis obtainedby recursivelyapplyingtheabovealgorithm

to compute2-way clusterings(i.e., bisections).Initially, thedocumentsarepartitionedinto two clusters,thenoneof

theseclustersis selectedandis furtherbisected,andsoon. Thisprocesscontinuesk − 1 times,leadingto k clusters.

A numberof differentschemeshave been developedfor selectingthe initial setof seeddocuments[11, 20, 45].

A commonlyusedschemeis to selecttheseseedsat random. In suchschemes,a small numberof differentsetsof

1For thenon-USreader, FDA is responsiblefor regulatingfood productsandprescriptiondrugswithin theUS.
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randomseedsareoftenselected,a clusteringsolutionis computedusingeachoneof thesesets,andthebestof these

solutionsis selectedasthefinal clustering.Thequality of suchpartitionalclusteringsis evaluatedby computingthe

similarity of eachdocumentto thecentroidvectorof theclusterthat it belongsto. Thebestsolutionis theonethat

maximizesthesumof thesesimilaritiesover theentiresetof documents.CI’s clusteringalgorithmusesthis random

seedapproach,andselectsthebestsolutionobtainedoutof five randomsetsof seeds.

The CI algorithmcomputesa k-way clusteringof the documentsusingrecursive bisection. This approachgives

a bettercontrol of the relative sizeof the clusters,as it tendsto produceclusterswhosesizesarenot substantially

different. This tendsto lead to betterdimensionalityreductionsfor the following reason. Recall from Section4,

thatCI usesthecentroidvectorsto representtheconceptspresentin thecollection. Ideally, givena smallnumberof

dimensions,wewouldliketo captureconceptsthatarepresentin alargenumberof documents.This is betterachieved

if thecentroidvectorsareobtainedfrom largerclusters.We foundin our experiments(which arenot reportedhere)

thatadirectk-wayclusteringsolutionmaysometimescreatesomeverysmallclusters,asit tendsto bemoresensitive

to outliers.

Oneof thekey stepsin any recursive bisectionclusteringalgorithmis theschemeusedto selectwhich clusterto

partitionnext. That is, given an l -way clusteringsolution,thealgorithmmustselectoneof thesel clustersto bisect

further, so that it will obtainthe (l + 1)-way clusteringsolution. A simpleschemewill be to selectthe clusterthat

containsthe largestnumberof documents.Unfortunately, even thoughthis schemetendsto produceclusterswhose

size is not substantiallydifferent, in certaincasesconceptsmay be over-representedin the final clustering. This

will happenin casesin which the actualnumberof documentssupportingthe variousconceptsareof substantially

differentsize.In suchscenarios,bisectingthelargestclustercaneasilyleadto a solutionin which the large concepts

arecapturedby multiple clusters,but the smallerconceptsarecompletelylost. Ideally, we would like to bisecta

clusterthatcontainsa largenumberof dissimilardocuments,asthis will allow us to bothcapturedifferentconcepts,

andat thesametimeensurethattheseconceptsarepresentin a largenumberof documents.

CI achievesthisgoalasfollows. Recallfrom Section3, thatgiven aclusterSi andits centroidvector �Ci , thesquare

of thelengthof thisvector(i.e., ‖Ci ‖2
2) measurestheaveragepairwisesimilarity betweenthedocumentsin Si . Thus,

we canlook at 1 − ‖Ci ‖2
2 asa measureof the averagepairwisedissimilarity. Furthermorethe aggregatepairwise

dissimilaritybetweenthedocumentsin theclusteris equalto

AggregateDissimilarity = |Si |
2(1 − ‖Ci ‖2

2). (5)

CI usesthis quantityin selectingthe next clusterto bisect. In particular, CI bisectsthe clusterthat hasthe highest

aggregatedissimilarityover all theclusters.

Thecomplexity of thisclusteringalgorithmis O(n logk), wheren is thenumberof documentsandk is thenumber

of clusters.Furthermore,for largedocumentdatasetssuchasWWW documentsindexed bysearchengines,clustering

algorithms[71, 8, 21] utilizing sampling,out-of-coretechniques,andincrementalclusteringcanbeusedtofindclusters

efficiently.

6 Experimental Results

In this sectionwe experimentallyevaluatethequalityof thedimensionalityreductionperformedby CI. Two different

setsof experimentsarepresented.Thefirst setfocusesonevaluatingthedocumentretrieval performanceachieved by

CI whenusedto computethedimensionalityreductionin anunsupervisedsetting,andits performanceis compared

againstLSI. Thesecondsetof experimentsfocusesonevaluatingthequalityof thedimensionalityreductioncomputed
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by CI in asupervisedsetting,bothin termsof thedocumentretrieval performanceaswell asin termsof theclassifica-

tion improvementsachieved bytraditionalclassificationalgorithmswhenoperatingin thereduceddimensionalspace.

In all theexperimentsusingLSI, weusedthesameunit lengthtf-idf documentrepresentationusedby CI.

6.1 Document Collections

Data Source # of doc # of class min classsize maxclasssize avg classsize # of words
west1 WestGroup 500 10 39 73 50.0 977
west2 WestGroup 300 10 18 45 30.0 1078
west3 WestGroup 245 10 17 34 24.5 1035
oh0 OHSUMED-233445 1003 10 51 194 100.3 3182
oh5 OHSUMED-233445 918 10 59 149 91.8 3012
oh10 OHSUMED-233445 1050 10 52 165 105.0 3238
oh15 OHSUMED-233445 913 10 53 157 91.3 3100
ohscal OHSUMED-233445 11162 10 709 1621 1116.2 11465
re0 Reuters-21578 1504 13 11 608 115.7 2886
re1 Reuters-21578 1657 25 10 371 66.3 3758
tr11 TREC 414 9 6 132 46.0 6429
tr12 TREC 313 8 9 93 39.1 5804
tr21 TREC 336 6 4 231 56.0 7902
tr31 TREC 927 7 2 352 132.4 10128
tr41 TREC 878 10 9 243 87.8 7454
tr45 TREC 690 10 14 160 69.0 8261
la1 TREC 3204 6 273 943 534.0 31472
la2 TREC 3075 6 248 905 512.5 31472
fbis TREC 2463 17 38 506 144.9 2000
new3 TREC 9558 44 104 696 217.2 83487
wap WebACE 1560 20 5 341 78.0 8460

Table 2: Summary of data sets used.

Thecharacteristicsof thevariousdocumentcollectionsusedin ourexperimentsaresummarizedin Table2. Thefirst

threedatasetsarefrom thestatutorycollectionsof the legal documentpublishingdivision of WestGroupdescribed

in [10]. Datasetstr11, tr12, tr21, tr31, tr41,tr45, andnew3 arederived from TREC-5 [63], TREC-6 [63], and

TREC-7 [63] collections. Data set fbis is from the ForeignBroadcastInformationServicedata ofTREC-5 [63].

Datasetsla1, andla2 arefrom theLos AngelesTimesdata ofTREC-5[63]. Theclassesof thevarioustrXX, new3,

and fbis datasetswere generatedfrom the relevancejudgmentprovided in thesecollections. The classlabelsof

la1 and la2 weregeneratedaccordingto the nameof the newspapersectionsthat thesearticlesappeared,suchas

“Entertainment”,“Financial”, “Foreign”,“Metro”, “National”, and“Sports”. Datasetsre0 andre1 arefrom Reuters-

21578text categorizationtestcollectionDistribution 1.0 [49]. We dividedthelabelsinto 2 setsandconstructeddata

setsaccordingly. Foreachdataset,weselecteddocumentsthathave asinglelabel.Datasetsoh0, oh5,oh10,oh15, and

ohscalarefrom the OHSUMED collection[26] subsetof MEDLINE database,which contains233,445documents

indexed using14,321uniquecategories.We took differentsubsetsof categoriesto constructthesedatasets.Dataset

wapis from theWebACEproject(WAP) [56, 23, 6, 7]. Eachdocumentcorrespondsto awebpagelistedin thesubject

hierarchyof Yahoo![67]. For all datasets,weusedastop-listto removecommonwords,andthewordswerestemmed

usingPorter’ssuffix-strippingalgorithm[59].

6.2 Unsuper vised Dimensionality Reduction

Oneof thegoalsof dimensionalityreductiontechniquessuchasCI andLSI is to projectthedocumentsof acollection

ontoa low dimensionalspacesothatsimilar documents(i.e., documentsthatarepartof thesametopic) comecloser
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together, relativeto documentsbelongingto differenttopics.This transformation,if successful,canleadto substantial

improvementsin theaccuracy achieved byregularqueries.Thequeryperformanceis oftenmeasuredby lookingat the

numberof relevantdocumentspresentin thetop-rankedreturneddocuments.Ideally, aqueryshouldreturnmostof the

relevantdocuments(recall), andthemajorityof thedocumentsreturnedshouldberelevant(precision). Unfortunately,

a numberof thelargercollectionsin our experimentaltestbeddid nothave pre-definedqueriesassociatedwith them,

sowe werenot ableto performthis typeof evaluation.For this reasonourevaluationwas performedin termsof how

effective thereduceddimensionalspacewas in bringingclosertogetherdocumentsthatbelongto thesameclass.

To evaluatethe extent to which a dimensionalityreductionschemeis ableto bring closertogethersimilar docu-

ments,we performedthefollowing experimentfor eachoneof thedatasetsshown in Table2. Let D beoneof these

datasets.For eachdocumentd ∈ D, we computedthek-nearest-neighborsetsboth in theoriginal aswell asin the

reduceddimensionalspace.Let K o
d andK r

d be thesesetsin theoriginal andreducedspace,respectively. Then,for

eachof thesesets,wecountedthenumberof documentsthatbelongto thesameclassasd, andlet n o
d andnr

d bethese

counts.Let No =
∑

d∈D no
d, andNr =

∑

d∈D nr
d, be thecumulative countsover all thedocumentsin thedataset.

Given thesetwo counts,thentheperformanceof a dimensionalityreductionschemewas evaluatedby comparingN r

againstNo. In particular, if theratio Nr /No is greaterthanone,thenthereducedspacewas successfulin bringinga

largernumberof similar documentsclosertogetherthanthey werein theoriginal space,whereasif the ratio is less

thanone,thenthereducedspaceis worse.We will refer to this ratio asthe retrieval improvement (RI) achieved by

thedimensionalityreductionscheme.

An alternateway of interpretingthis experimentis that for eachdocumentd, we performa queryusingd asthe

queryitself. In this context, thesetsK o
d andK r

d arenothingmorethantheresultof this query, thenumbersn o
d andnr

d

areameasureof therecall,andthenumbersNo andNr areameasureof thecumulativerecallachieved byperforming

asmany queriesasthe total numberof documents.Thus,retrieval performanceincreasesas N r increases,because

boththerecall,andbecausewecomputetherecallona fixed sizeneighborhood,theprecisionalsoincreases.

Table3 shows the valuesfor the RI measureobtainedby both CI andLSI on the eight largestdatasetsin our

testbed.TheRI measurewas computedusingthe20-nearest-neighbors2. Thefirst columnsof thesetablesshow the

numberof dimensionsof thereducedspace.For re0,re1,la1, la2, fbis,wap, andohscalwe used10, 20, 30, 40,and

50 dimensions,whereasfor new3, we used25, 50, 75,100,and125. This is because,for thefirst seven datasets,the

retrieval performancepeaksat a smallernumberof dimensionsthandoesfor new3.

Lookingattheseresultswecanseethattheretrieval improvementsachieved byCI arecomparableto thoseachieved

by LSI. Both schemeswereableto achieve similar valuesfor theRI measure,andbothschemescomputespacesin

which similar documentsareclosertogether(theRI measuresaregreaterthanonein mostof the experiments).CI

doessomewhatbetterfor la1, fbis, andohscal, andLSI doessomewhatbetterfor re1,wap, andnew3; however these

differencesarequitesmall. This canalsobe seenby comparingthe last row of the table,which shows the average

value ofRI thatis achieved over thefivedifferentlowerdimensionalspaces.

The resultspresentedin Table3 provide a global overview of the retrieval performanceachieved by CI over an

entirecollectionof documents.To seehow well it doesin bringingclosertogetherdocumentsof thedifferentclasses,

wecomputedtheRI measureonaperclassbasis.Theseresultsareshown in Table4 for bothCI andLSI. Dueto space

considerations,we only presenttheper-classcomparisonsfor a singlenumberof dimensions.In particular, for new3,

Table4 showstheper-classRI measuresobtainedby reducingthenumberof dimensionsto 125,andfor theotherdata

2WealsocomputedtheRI measuresusing10-, 30-,and40-nearest-neighbors.Therelative performancebetweenCI andLSI remainedthesame,
sowe did not includetheseresults.
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re0 re1 la1 la2 fbis wap ohscal
Ndims CI LSI CI LSI CI LSI CI LSI CI LSI CI LSI CI LSI
10 1.03 1.06 0.92 0.97 1.14 1.13 1.13 1.12 1.00 1.00 1.00 1.03 1.24 1.21
20 1.06 1.08 1.02 1.03 1.15 1.14 1.13 1.13 1.04 1.05 1.09 1.11 1.30 1.32
30 1.08 1.07 1.04 1.06 1.15 1.12 1.12 1.13 1.08 1.06 1.10 1.11 1.32 1.32
40 1.09 1.06 1.07 1.06 1.15 1.12 1.13 1.12 1.09 1.05 1.10 1.12 1.33 1.30
50 1.09 1.06 1.07 1.08 1.14 1.12 1.13 1.11 1.09 1.05 1.09 1.11 1.33 1.29
Average 1.07 1.066 1.024 1.04 1.146 1.126 1.128 1.122 1.06 1.042 1.076 1.096 1.304 1.288

new3
Ndims CI LSI
25 0.98 1.03
50 1.06 1.08
75 1.07 1.09
100 1.09 1.09
125 1.09 1.09
Average 1.058 1.076

Table 3: The values of the RI measure achieved by CI and LSI.

sets,Table4 showstheper-classRI measuresobtainedby reducingthenumberof dimensionsto 50. Also notethatfor

eachdataset,thecolumnlabeled“Size” shows thenumberof documentsin eachclass.Thevariousclassesaresorted

in decreasingclass-sizeorder.

A numberof interestingobservationscanbe madefrom the resultsshown in this table. First, theoverall perfor-

manceof CI is quite similar to LSI. Both schemesareable to improve the retrieval performancefor someclasses,

andsomewhatdecreaseit for others.Second,the sizeof thedifferentclassesdoesaffect the retrieval performance.

Both schemestendto improve the retrieval of largerclassesat a higherdegreethanthey do for thesmallerclasses.

Third, from theseresultswe canseethatCI comparedto LSI, in general,doessomewhatbetterfor largerclassesand

somewhatworsefor smallerclasses.Webelievethis is adirectresultof theway theclusteringalgorithmusedby CI is

biasedtowardscreatinglargeclusters(Section5). A clusteringsolutionthatbetterbalancesthetradeoffs betweenthe

sizeandthevarianceof theclusterscanpotentiallyleadto betterresultsevenfor thesmallerclasses.This is anarea

thatwe arecurrentlyinvestigating.

Summarizingthe results,we canseethat the dimensionalityreductionscomputedby CI achieve comparablere-

trieval performanceto that obtainedusingLSI. However, the amountof time requiredby CI to find the axes ofthe

reduceddimensionalityspaceis significantlysmallerthanthat requiredby LSI. CI finds theseaxesby just usinga

fastclusteringalgorithm,whereasLSI needsto computethesingular-value-decomposition.Therun-timecomparison

of CI andLSI is shown in Table5. We usedthe single-vectorLanczosmethod(las2) of SVDPACK [4] for LSI.

SVDPACK is a widely usedpackagefor computingthesingular-value-decompositionof sparsematricesandlas2 is

thefastestimplementationof SVD amongthealgorithmsavailablein SVDPACK. Fromtheresultsshown in this table

we canseethatCI is consistentlyeightto tentimesfasterthanLSI.

6.3 Super vised Dimensionality Reduction

Oneof themainfeaturesof CI is thatit canquickly computetheaxes ofthereduceddimensionalspaceby takinginto

accounta priori knowledgeaboutthe classesthat the variousdocumentsbelongto. As discussedin Section4, this

superviseddimensionalityreductionis particularlyusefulto improve the retrieval performanceof a pre-categorized

collectionof documents.To illustratethis, we usedthesamesetof datasetsasin theprevioussection,but this time

we usedthecentroidof thevariousclassesastheaxes ofthereduceddimensionalityspace.TheRI measuresfor the

differentclassesin eachoneof thesedatasetsareshown in Table6. Notethatthenumberof dimensionin thereduced
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Size CI LSI Size CI LSI Size CI LSI Size CI LSI Size CI LSI
608 1.06 1.01 371 1.08 1.05 506 1.05 1.03 341 1.06 1.04 696 1.10 1.05
319 1.15 1.11 330 1.11 1.06 387 1.00 0.99 196 1.31 1.32 568 1.01 0.98
219 1.19 1.12 137 1.21 1.24 358 1.17 1.14 168 0.97 0.94 493 1.35 1.24
80 1.53 1.30 106 1.19 1.13 190 1.03 0.99 130 0.99 1.03 369 1.10 1.11
60 1.04 0.99 99 1.06 1.04 139 1.02 1.04 97 1.13 1.09 330 1.02 1.03
42 0.97 1.14 87 1.07 1.04 125 1.22 1.15 91 1.16 1.29 328 1.05 1.08
39 0.98 1.14 60 1.15 1.14 121 1.03 1.09 91 1.51 1.74 326 1.11 1.09
38 1.06 0.82 50 0.79 0.90 119 0.97 0.99 76 1.08 1.14 306 1.05 1.05
37 0.89 1.16 48 0.94 0.99 94 1.28 1.20 65 1.02 0.99 281 1.09 1.05
20 0.95 1.06 42 0.82 1.01 92 1.27 1.09 54 1.01 1.09 278 1.06 1.06
16 0.75 1.00 37 0.92 1.22 65 0.93 1.04 44 1.55 1.34 276 1.06 1.03
15 0.86 0.76 32 1.04 1.19 48 1.39 1.29 40 0.84 0.88 270 1.17 1.14
11 0.68 0.73 31 1.13 1.23 46 0.97 1.14 37 1.43 1.27 253 1.25 1.29

31 1.12 1.26 46 1.08 1.06 35 1.69 1.52 243 1.05 1.04
27 1.15 1.30 46 0.99 0.97 33 1.03 1.10 238 1.05 1.08
20 0.99 1.06 43 0.87 0.91 18 0.49 0.52 218 1.07 1.11
20 1.24 1.27 38 1.17 0.94 15 0.75 0.76 211 1.02 1.02
19 0.93 0.93 13 0.53 0.87 198 1.26 1.38
19 0.61 0.80 11 1.07 1.02 196 1.15 1.14
18 0.61 0.97 5 0.78 0.78 187 1.11 1.16
18 0.73 1.09 181 1.22 1.23
17 0.69 0.83 179 1.07 1.02
15 1.08 0.98 174 0.94 0.99
13 0.82 0.80 171 1.44 1.35
10 0.50 0.43 171 0.95 1.00

161 1.09 1.11
159 1.22 1.19
153 1.06 1.02
141 1.13 1.16
139 1.06 1.10
139 1.12 1.11
136 1.01 1.08

Size CI LSI Size CI LSI Size CI LSI 130 1.23 1.22
943 1.16 1.12 905 1.17 1.13 1621 1.28 1.24 126 1.17 1.08
738 1.09 1.07 759 1.07 1.06 1450 1.37 1.37 124 1.03 1.03
555 1.16 1.11 487 1.16 1.13 1297 1.21 1.19 123 1.00 1.16
354 1.26 1.25 375 1.14 1.15 1260 1.28 1.29 120 0.89 0.97
341 1.14 1.14 301 1.09 1.14 1159 1.41 1.41 116 0.81 0.92
273 1.08 1.08 248 1.00 1.09 1037 1.34 1.39 115 0.94 1.03

1001 1.57 1.53 110 1.13 1.08
864 1.34 1.33 110 1.02 1.07
764 1.42 1.35 106 1.00 1.02
709 1.16 1.28 105 1.12 1.16

104 1.36 1.17

re1

la2

new3

la1

re0

ohscal

wapfbis

Table 4: The per-class RI measures for various data sets.

spacefor eachdatasetis different,andis equalto thenumberof classesin thedataset.

As we canseefrom this table,thesuperviseddimensionalityreductioncomputedby CI dramaticallyimproves the

retrieval performancefor all thedifferentclassesin eachdataset.Moreover, theretrieval performanceof thesmaller

classestendsto improve the most. This is becausein unsuperviseddimensionalityreduction,thesesmallerclasses

arenot sufficiently represented(astheexperimentsshown in Table4 indicate),whereasin superviseddimensionality

reduction,all classesareequallyrepresented,regardlessof their size.

The superviseddimensionalityreductionperformedby CI canalsobe usedto improve the performanceof tra-

ditional classificationalgorithms. To illustratethis, we performedan experimentin which we usedtwo traditional

classificationalgorithms,C4.5andk-nearest-neighbor, bothon theoriginal space,aswell ason the reduceddimen-

sionalspace.C4.5[60] is a widely useddecisiontree-basedclassificationalgorithmthathasbeenshown to produce

goodclassificationresults,primarily on low dimensionaldatasets. The k-nearest-neighbor(kNN) classificational-

gorithmis a well known instance-basedclassificationalgorithmthathasbeenappliedto text categorizationsincethe

earlydaysof research[53, 29, 68].
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re0 re1 la1 la2 fbis wap ohscal new3
CI 0.56 0.72 5.01 4.59 3.17 1.97 7.01 29.85
LSI 6.58 7.00 44.20 39.80 20.10 18.10 65.10 275.00

Table 5: Run-time comparison (in seconds) of LSI and CI. These times correspond to the amount of time required to compute 50
dimensions for all data sets except new3 for which 125 dimensions were computed. All experiments were performed on a Linux
workstation equipped with an Intel Pentium II running at 500Mhz.

For eachsetof documents,the reduceddimensionalityexperimentswereperformedasfollows. First, the entire

setof documentswas split into a trainingandtestset. Next, thetrainingsetwas usedto find theaxes ofthereduced

dimensionalspaceby constructinganaxis for eachoneof theclasses3. Then,boththetrainingandthetestsetwere

projectedinto this reduceddimensionalspace.Finally, in the caseof C4.5, the projectedtrainingandtestsetwere

usedto learnthedecisiontreeandevaluateits accuracy, whereasin thecaseof kNN, theneighborhoodcomputations

wereperformedon theprojectedtrainingandtest. In our experiments,we useda value ofk = 10 for kNN, bothfor

theoriginalaswell asfor thereduceddimensionalspace.

The classification accuracy of the variousexperimentsare shown in Table 7. Theseresultscorrespondto the

averageclassificationaccuraciesof 10 experiments,wherein eachexperimenta randomlyselected80%fractionof

thedocumentswas usedfor trainingandtheremaining20%was usedfor testing.Thefirst two columnsof this table,

show theclassificationaccuracy obtainedby C4.5andkNN whenusedontheoriginaldatasets.Thenext two columns

show theclassificationaccuracy resultsobtainedby thesamealgorithmswhenusedonthereduceddimensionalspace

computedby CI. The next four columnsshow the classificationaccuracy obtainedby thesealgorithmswhenused

on the reducedimensionalspacecomputedby LSI. For eachalgorithm,we presenttwo setsof results,obtainedon

a 25- andon a 50-dimensionalspace.Note that theselower dimensionalspaceswerecomputedwithout taking into

accountany classinformation,asLSI cannotperformdimensionalityreductionin a supervisedsetting. Finally, the

last columnshows the resultsobtainedby the naive Bayesian(NB) classificationalgorithmin theoriginal space.In

ourexperiments,we usedtheNB implementationprovidedby theRainbow [55] softwarelibrary. TheNB resultsare

presentedhereto provideareferencepointfor theclassificationaccuracies.Notethatwedid notusetheNB algorithm

in thereduceddimensionalspace,asNB cannoteffectively handlecontinuousattributes[34]. Also, for eachof these

datasets,we highlightedtheschemethatachieved thehighestclassificationaccuracy, by usingaboldfacefont.

Looking at the results,we canseethat bothC4.5andkNN, benefit greatlyby the superviseddimensionalityre-

ductioncomputedby CI. For bothschemes,theclassificationaccuracy achieved in thereduceddimensionalspaceis

greaterthanthecorrespondingaccuracy in theoriginalspacefor all 21 datasets.In particular, over theentire21 data

sets,CI improvestheaverageaccuracy of C4.5andkNN by 7%,and6%,respectively. Comparingtheseresultsagainst

thoseobtainedby naiveBayesian,wecanseethatkNN, whenappliedonthereduceddimensionalspace,substantially

outperformsnaive Bayesian,which was not thecasewhencomparingtheperformanceof kNN in theoriginal space.

In particular, over theentire21 datasets,theaccuracy of kNN in thereducedspaceis 5% greaterthanthatof naive

Bayesian.Looking at the variousclassificationresultsobtainedby C4.5andkNN on the lower dimensionalspaces

computedby LSI, we canseethattheperformanceis mixed. In particular, comparingthebestperformanceachieved

in eitheroneof thelower dimensionalspaces,over thatachieved in theoriginal space,we canseethatLSI improves

theresultsobtainedby C4.5in only four datasets,andby kNN in tendatasets.However, CI, by computinga lower

3We alsoperformedexperimentsin which thenumberof dimensionsin the reducedspacewas two andthreetimesgreaterthanthenumberof
classes.Theoverall performanceof thealgorithmsdid notchange,and dueto spacelimitationswe did not includetheseresults.
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Size CI-S Size CI-S Size CI-S Size CI-S Size CI-S
608 1.12 371 1.25 341 1.05 506 1.07 696 1.13
319 1.31 330 1.18 196 1.72 387 1.02 568 1.03
219 1.28 137 1.51 168 1.31 358 1.31 493 1.87
80 1.89 106 1.23 130 1.42 190 1.07 369 1.31
60 1.26 99 1.11 97 1.17 139 1.17 330 1.09
42 2.17 87 1.11 91 1.75 125 1.32 328 1.49
39 1.30 60 1.44 91 1.94 121 1.17 326 1.24
38 1.38 50 1.94 76 1.37 119 1.03 306 1.08
37 1.66 48 1.05 65 1.22 94 1.33 281 1.18
20 1.54 42 2.13 54 1.71 92 1.44 278 1.16
16 1.60 37 1.59 44 3.81 65 1.40 276 1.07
15 1.32 32 1.33 40 1.14 48 1.80 270 1.23
11 1.64 31 1.67 37 2.36 46 1.80 253 1.63

31 1.72 35 2.98 46 1.09 243 1.07
27 1.84 33 2.83 46 1.73 238 1.35
20 2.01 18 3.63 43 2.26 218 1.24
20 1.41 15 3.49 38 2.68 211 1.17
19 1.81 13 2.57 198 1.85
19 2.18 11 2.66 196 1.20
18 1.69 5 2.78 187 1.34
18 3.67 181 1.39
17 1.49 179 1.14
15 3.75 174 1.84
13 1.40 171 1.92
10 2.27 171 1.09

161 1.19
159 1.41
153 1.25
141 1.69
139 1.25
139 1.27
136 1.19

Size CI-S Size CI-S Size CI-S 130 1.29
943 1.33 905 1.31 1621 1.38 126 1.66
738 1.11 759 1.10 1450 1.56 124 1.06
555 1.21 487 1.25 1297 1.37 123 1.23
354 1.34 375 1.20 1260 1.46 120 1.03
341 1.41 301 1.48 1159 1.63 116 1.53
273 2.22 248 1.75 1037 1.81 115 1.18

1001 1.85 110 1.18
864 1.47 110 1.11
764 1.78 106 1.04
709 1.51 105 1.28

104 2.54

fbis

la1 la2

new3re0 re1

ohscal

wap

Table 6: The per-class RI measures for various data sets for supervised dimensionality reduction.

dimensionalspacein asupervisedsetting,significantlyandconsistentlyoutperformstheclassificationresultsobtained

on thelowerdimensionalspacesobtainedby LSI.

Wehavenot includedtheresultsof C4.5andkNN usingfeatureselectiontechniquesdueto theinconsistentperfor-

manceof suchschemesin thesedatasets.In particular, theright numberof dimensionsfor differentdatasetsvaries

considerably. For detailedexperimentsshowing thecharacteristicsof featureselectionschemesin text categorization,

readersareadvisedto see[70, 25].

7 Conc lusion and Directions of Future Work

In this paperwe presenteda new fastdimensionalityreductiontechniquecalledconceptindexing that canbe used

equallywell for reducingthedimensionsin asupervisedandin anunsupervisedsetting.CI reducesthedimensionality

of adocumentcollectionaccordingto theconceptspresentin thecollectionandexpresseseachdocumentasafunction

of thevariousconcepts.Ouranalysishasshown thatthelower-dimensionalrepresentationcomputedby CI is capable

of capturingboth the actualaswell as the latent informationavailable in the documentcollections. In particular,
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C4.5 k NN C4.5 k NN 25 Dims 50 Dims 25 Dims 50 Dims NB
west1 85.5% 82.9% 86.2% 86.7% 73.7% 74.5% 83.0% 81.4% 86.7%
west2 75.3% 77.2% 75.3% 78.7% 63.8% 59.2% 75.5% 73.8% 76.5%
west3 73.5% 76.1% 74.5% 80.6% 57.8% 55.3% 75.5% 77.3% 75.1%
oh0 82.8% 84.4% 87.3% 89.8% 74.5% 72.8% 83.9% 81.9% 89.1%
oh5 79.6% 85.6% 88.4% 92.0% 76.5% 76.7% 87.0% 86.8% 87.1%
oh10 73.1% 77.5% 79.6% 82.6% 70.9% 65.5% 79.4% 77.7% 81.2%
oh15 75.2% 81.7% 84.6% 86.4% 67.5% 64.9% 81.3% 80.7% 84.0%
re0 75.8% 77.9% 82.3% 85.0% 69.1% 64.4% 79.5% 76.3% 81.1%
re1 77.9% 78.9% 80.0% 81.6% 59.8% 60.6% 71.2% 75.4% 80.5%
tr11 78.2% 85.3% 87.0% 88.9% 79.3% 80.5% 81.3% 83.0% 85.3%
tr12 79.2% 85.7% 88.4% 89.0% 76.2% 72.5% 80.8% 82.7% 79.8%
tr21 81.3% 89.1% 90.3% 90.0% 74.6% 73.1% 87.6% 88.5% 59.6%
tr31 93.3% 93.9% 94.7% 96.9% 90.2% 87.5% 93.0% 92.3% 94.1%
tr41 89.6% 93.5% 95.3% 95.9% 89.9% 87.3% 93.4% 92.4% 94.5%
tr45 91.3% 91.1% 92.9% 93.6% 80.3% 80.9% 91.1% 92.1% 84.7%
la1 75.2% 82.7% 85.7% 87.6% 76.1% 74.2% 83.4% 82.1% 87.6%
la2 77.3% 84.1% 87.2% 88.6% 78.2% 76.1% 85.9% 84.7% 89.9%
fbis 73.6% 78.0% 81.3% 84.1% 59.7% 56.0% 76.4% 76.3% 77.9%
wap 68.1% 75.1% 77.5% 82.9% 62.3% 60.2% 74.3% 76.1% 80.6%
ohscal 71.5% 62.5% 73.5% 77.8% 59.4% 57.5% 70.9% 69.6% 74.6%
new3 72.7% 67.9% 73.1% 77.2% 41.1% 43.5% 53.9% 63.1% 74.4%

LSI Reduced Space
Original Space CI  Reduced Space C4.5 k NN

Table 7: The classification accuracy of the original and reduced dimensional data sets.

CI capturesconceptswith respectto word synonymy andpolysemy. Our experimentalevaluationhasshown that in

an unsupervisedsetting,CI performsequallywell to LSI while requiringan orderof magnitudelesstime, andin a

supervisedsettingit dramaticallyimprovestheperformanceof variousclassificationalgorithms.

Theperformanceof CI canbeimproved in a varietyof ways.First, CI whenusedin anunsupervisedsetting,can

take advantageof betterdocumentclusteringalgorithms,leadingto betterlower dimensionalspacesaswell asfaster

performance.Oneareathat we arecurrently investigatingis to develop robust clusteringalgorithmsthat compute

a k-way clusteringdirectly andnot via recursive bisection.Suchtechniqueshold thepromiseof improving boththe

qualityof thelowerdimensionalrepresentation,especiallyfor smallclasses,aswell asfurtherreducingthealreadylow

computationalrequirementsof CI. Second,thesuperviseddimensionalityreductionscomputedby CI canbefurther

improved by usingtechniquesthatadjusttheimportanceof thedifferentfeaturesin a supervisedsetting.A varietyof

suchtechniqueshave been developedin thecontext of k-nearest-neighborclassification[13, 65, 64, 37, 40, 52, 25],

all of which canbeusedto scalethevariousdimensionsprior to thedimensionalityreductionfor computingcentroid

vectorsandto scalethereduceddimensionsfor thefinal classification.
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